Previous studies have investigated the centennial and multidecadal trends of the Pacific and Indian Ocean Walker cells (WCs) during the past century, but have obtained no consensus owing to data uncertainties and weak signals of the long-term trends. This paper focuses on decadal variability (periods of one to few decades) by first documenting the variability of the WCs and warm-pool convection, and their covariability since the 1960s, using in situ and satellite observations and reanalysis products. The causes for the variability and covariability are then explored using a Bayesian dynamic linear model, which can extract nonstationary effects of climate modes. The warm-pool convection exhibits apparent decadal variability, generally covarying with the Indian and Pacific Ocean WCs during winter (November-April) with enhanced convection corresponding to intensified WCs, and the Indian-Pacific WCs covary. During summer (May-October), the warmpool convection still highly covaries with the Pacific WC but does not covary with the Indian Ocean WC, and the Indian-Pacific WCs are uncorrelated. The wintertime coherent variability results from the vital influence of ENSO decadal variation, which reduces warm-pool convection and weakens the WCs during El Niño-like conditions. During summer, while ENSO decadal variability still dominates the Pacific WC, decadal variations of ENSO, the Indian Ocean dipole, Indian summer monsoon convection, and tropical Indian Ocean SST have comparable effects on the Indian Ocean WC overall, with monsoon convection having the largest effect since the 1990s. The complex causes for the Indian Ocean WC during summer result in its poor covariability with the Pacific WC and warm-pool convection.
Introduction
The Indian and Pacific Ocean Walker cells (WCs), sometimes referred to as the western and eastern Walker cells respectively (Meehl and Arblaster 2002; Meehl et al. 2003) , are equatorial zonal atmospheric circulation cells driven by atmospheric deep convection over the Indo-Pacific warm-pool region (Fig. 1; Walker and Bliss 1937) and modified by various oceanatmosphere feedback processes (Dijkstra and Neelin 1995) . The lower branch of the Pacific WC is associated with equatorial easterly wind, and that of the Indian Ocean WC is on annual average associated with equatorial westerly wind. They converge to the deep convective region over the maritime continents that reside in the Indo-Pacific warm pool ( Figs. 1 and 2 ). Given the intrinsic linkage between convection and WCs, an intriguing question arises: Do the Indo-Pacific WCs covary on decadal time scales, and do they vary with the warm-pool convection?
a. Background
On interannual time scale, observational analyses show that variability of the Indian and Pacific Ocean WCs is a fundamental element of the tropospheric biennial oscillation (TBO) of the Indian-Australian monsoon (e.g., Meehl and Arblaster 2002; Meehl et al. 2003) . The TBO involves El Niño-Southern Oscillation (ENSO) and the Indian Ocean dipole (IOD; Saji et al. 1999; Webster et al. 1999) , the two most prominent interannual climate modes over the tropical Indo-Pacific basin that are associated with variability of the Indian and Pacific Ocean WCs (Meehl and Arblaster 2002; Meehl et al. 2003) . There is significant covariability between the Indian and Pacific Ocean WCs, which may result partly from co-occurrence of ENSO and the IOD (e.g., Allan et al. 2001; Baquero-Bernal et al. 2002; Xie et al. 2002; Hastenrath 2002; Krishnamurthy and Kirtman 2003; Annamalai et al. 2003) , particularly after 1976 (Annamalai et al. 2005) , with El Niño tending to excite a positive IOD and therefore yielding weakened Pacific and Indian Ocean WCs. ENSO and IOD, however, can sometimes operate independently (e.g., Yamagata et al. 2003; Sun et al. 2015) , during which times the Indian and Pacific Ocean WCs do not necessarily covary.
On multidecadal and centennial time scales, trend analyses of the Indian and Pacific Ocean WCs have been carried out, using surface observations and reanalysis data to infer changes in the WC strength. Yet no consensus has been reached. Observational studies provide contrasting results, depending on the datasets and techniques used in the analyses. Over the Pacific Ocean, several observational studies have argued for weakened zonal sea level pressure (SLP) and sea surface temperature (SST) gradients and a slowdown of the surface easterlies, and therefore a weaker WC since the midnineteenth century, during the twentieth century and since 1950 (Vecchi and Soden 2007; Deser et al. 2010; Tokinaga et al. 2012a,b, Yasunaka and Kimoto 2013) . By contrast, other studies suggest enhanced trends in equatorial Pacific zonal SST gradients over the past century (Karnauskas et al. 2009 ), particularly after ENSO signals are removed (Solomon and Newman 2012) ; however, there is no robust strengthening or weakening trend in zonal SLP gradient and therefore the WC (Solomon and Newman 2012 ). An enhanced zonal SLP gradient and intensified WC over the Pacific since 1950 have also been suggested (L'Heureux et al. 2013; Newman 2013) . Over the Indian Ocean, there is also no clear agreement on the long-term evolution of equatorial westerlies and WC strength. Atmospheric reanalysis products suggest a strengthening of surface equatorial westerlies and thus stronger WC since the 1950s and 1960s (Han et al. 2010; Zwiers 2010, Yasunaka and Kimoto 2013) , whereas the biascorrected observed winds indicate a weakening of surface westerlies and therefore weaker WC for similar temporal periods (Tokinaga et al. 2012a,b) .
Modeling studies also provide inconsistent results. Coupled global climate models have produced a robust slowdown trend of the tropical atmospheric circulation since the mid-nineteenth century and in the projected twenty-first century, particularly the Pacific WC (e.g., Vecchi et al. 2006; Vecchi and Soden 2007; Chadwick et al. 2013 ) and the Asian monsoon circulation (but with enhanced monsoon rainfall; Turner and Annamalai 2012; Kitoh et al. 2013) , in response to increasing greenhouse gas forcing. However, the limited ability of the models to simulate the present monsoon change and the large spread among the model projections limit our confidence in the results (e.g., Kitoh et al. 2013) . Standalone atmospheric general circulation models simulated inconsistent changes in the WC strength depending on which SST product was used to force the models: Using HadISST of Rayner et al. (2006) produced a strengthened Indo-Pacific WC for the twentieth century and since 1950, using the Extended Reconstructed SST of Smith and Reynolds (2004) generated a neutral response, and using Hadley Centre SST, version 3 (HadSST3), of Kennedy et al. (2011a,b) produced a weakened WC (see Tokinaga et al. 2012a; Meng et al. 2012) .
The lack of consensus in both observational and modeling studies may arise from many factors, such as temporal heterogeneity of the observational datasets, differences in analysis methods, and systematic errors in models. These inconsistencies are detrimental to detecting centennial and multidecadal trends because the trend signals are much weaker than the amplitudes of decadal and interdecadal variability over the IndoPacific basin (not shown). Therefore, this paper focuses on decadal and interdecadal variability rather than longterm trends. How do the Indian and Pacific Ocean WCs vary on decadal and interdecadal time scales, what are the underlying causes for their variability, and do they covary with the warm-pool convection (Fig. 1) ? These are important science issues that have not yet been addressed. While ENSO and the IOD have been shown to affect interannual variability of the Indian and Pacific Ocean WCs, their effects on decadal time scales remain elusive, even though both ENSO and IOD indices exhibit evident decadal variability (e.g., Ashok et al. 2004; Song et al. 2007; Tozuka et al. 2007 ). Recent studies suggest that the tropical Indian Ocean warming trend in the past few decades (e.g., Luo et al. 2012; Han et al. 2014b) , the Atlantic warming trend and interbasin SST gradient in the past century (Zhang and Karnauskas 2017) and since the early 1990s (Kucharski et al. 2011 (Kucharski et al. , 2015 England et al. 2014; McGregor et al. 2014; Li et al. 2016) , and the decadal (10-20 yr) Indian Ocean SST variability since the 1980s all have contributed to the intensification of the Pacific WC variability on the corresponding time scales. Additionally, decadal variability of off-equatorial convection associated with the Indian summer monsoon, which can be affected by various factors associated with variability over land and ocean, may also affect the Indian Ocean WC. How these factors affect decadal variability of the Indian and Pacific Ocean WCs, however, is not well known.
b. Present research
The goal of this research is to explore the variability of the Indian and Pacific Ocean WCs on time scales of one to a few decades, which we refer to collectively as ''decadal variability'' hereafter, and to understand the causes. Our period of interest is from the 1960s to the present, when more reliable ocean-atmosphere datasets are available. First, we document the variability of the Indian and Pacific Ocean WCs together with the warmpool convection, and explore their covariability by analyzing available satellite data, in situ observations, and reanalysis products. Here, we focus on examining the surface branches of the WCs, as in the existing studies that address their centennial and multidecadal trends (see above). Then, we investigate the association of their decadal variability with climate modes and other climate indices, using a novel approach of the Bayesian dynamic linear model (DLM; e.g., Petris et al. 2009 ) and comparing its results with that of the conventional static linear regression model (SLM). The Bayesian DLM can capture the temporally nonstationary relationship between the climate indices and the WCs, which cannot be achieved by the SLM (see section 2c).
Results from this study are relevant for understanding past climate variations, improving decadal climate predictions, and setting a process context for longer-term future climate variability and change in the vast IndoPacific region. Since little is known about Indian Ocean decadal climate variability and its generation mechanisms (Han et al. 2014a) , this study advances our understanding in this aspect. The research will benefit a large percent of the world's population surrounding the tropical Indian and Pacific Oceans as well as around the globe, since changes of the WCs are linked to ENSO and the IOD, which have far-reaching impacts on climate [e.g., Saji et al. 1999; see Wang et al. (2016) Woodruff et al. 2011; Freeman et al. 2017) and monthly precipitation over land from the University of East Anglia Climatic Research Unit (CRU) 0.58 3 0.58 data for 1901 (Jones and Harris 2013 . To discern whether the cloudiness or precipitation over land can better represent the warm-pool convection for our period of interest from the 1960s onward, we also analyze the satellite-derived 2.58 3 2.58 monthly outgoing longwave radiation (OLR)-a proxy for tropical deep convection-from 1974 to 2013 (Liebmann and Smith 1996) , and 2.58 3 2.58 Global Precipitation Climatology Project (GPCP) monthly precipitation from 1979 to 2016 (Adler et al. 2003) . The warm-pool region of 108S-108N, 808-1508E (black box of Fig. 2 ) is chosen because its mean SST is high ($288C; color contours of Figs. 2a,b) , cloudiness attains its maximum [$5 okta (1 okta 5 1 /8); white contours of Fig. 2a] , and OLR reaches its minimum (#220 W m 22 ; white contours of Fig. 2b ). This region shows the WCs' convergence area with convection maximum, and it excludes the intertropical convergence zone and South Pacific convergence zone (Figs. 2a,b) .
To understand the seasonality of the warm-pool convection, the time series of convection averaged over the warm-pool region is computed for the annual mean and winter and summer seasons, respectively. In this paper, winter is defined as the November-April mean and summer as the May-October mean. These months are chosen for two reasons: First, NovemberApril corresponds to the wet season and May-October to the dry season over Indonesia (e.g., Yanto et al. 2016) (Balmaseda et al. 2008) . As discussed in section 1, the reanalysis winds show large uncertainty in detecting multidecadal trend since the 1960s. On the other hand, the observation-based WASWind have many missing values over the warmpool region (see Han et al. 2014b ). The monthly surface winds from Cross-Calibrated Multiplatform (CCMP) satellite observations (Atlas et al. 2011; Wentz et al. 2015) , version 2.0 (V2.0), since 1987 are also analyzed. This multiple-dataset approach aims to identify signals robust to cross-dataset differences and thus increase the confidence in our analysis.
To further confirm the decadal variability of the Indian and Pacific Ocean WCs detected by surface winds, particularly before the satellite era, we analyze the upper-700-m thermosteric sea level from 1955 to 2013 using yearly World Ocean Atlas 2013 (WOA13) data (Levitus et al. 2012 ; https://www.nodc.noaa.gov/OC5/ woa13/) and from 1945 to 2014 using Ishii and Kimoto (2009) data. They are independent observations from the surface winds. Sea level data from the ORAS4 monthly product (Balmaseda et al. 2013 (Balmaseda et al. ) for 1958 (Balmaseda et al. -2014 , and multiple-satellite merged monthly sea surface height anomalies (SSHA) from the French project Archiving, Validation, and Interpolation of Satellite Oceanographic Data (AVISO) (e.g., Ducet et al. 2000; Rio et al. 2011 ) from 1993 to 2014 are also analyzed. Zonal gradients of sea level are calculated, and their variations are compared with those of zonal surface winds that represent the WCs.
The theoretical basis for this analysis is that in the equatorial ocean, decadal variability of zonal surface wind associated with the WCs is a major driver of zonal sea level gradient, and the two are in quasi-steady balance. This can be demonstrated by the zonal momentum equation of a linear, 1.5-layer reduced gravity model on equatorial b plane: ›u/›t 2 byy 1 g 0 ›h/›x 5 t x /(r 0 H), where u and y are zonal and meridional current, h is sea level, t x is zonal wind stress, g 0 is reduced gravity parameter, r 0 is the mean density of the ocean, and H is the mean layer thickness. The ›u/›t term is small because the decadal time scale is far longer than the equatorial adjustment time scales in the Indian (Han et al. 1999; Shankar et al. 2010) and Pacific Oceans (Jin 2001) , which is the time it takes for an equatorial Kelvin wave to cross the basin, and the first meridional mode Rossby wave to return. With Coriolis parameter f 5 by 5 0 on the equator and small ›u/›t, the equation yields g›h/›x ' t x /(r 0 H), which shows the balance between zonal sea level gradient and zonal wind stress.
To isolate decadal signals, a Lanczos low-pass filter (Duchon 1979) with half power at 8-yr period is used. The response curve of the 8-yr low-pass filter retains approximately 90% of the amplitude at 10-yr period and almost full amplitudes for longer periods, which essentially retain the signals with periods of 10 yr and longer. The 8-yr low-pass filter has been used to investigate the Pacific decadal variability by many previous studies (e.g., Deser et al. 2012 ).
b. Datasets for climate modes and other climate indices
To understand the causes for decadal variations of the Indian and Pacific Ocean WCs and their covariability, we examine their relationships with decadal variability of ENSO and IOD, the two dominant climate modes over the Indo-Pacific basin on interannual time scale. For simplicity, we will refer to decadal variability of ENSO (IOD) simply as ''decadal ENSO (IOD)''. Note that decadal ENSO, represented by 8-yr low-passfiltered Niño-3.4 index and multivariate ENSO index (MEI), is highly correlated with the interdecadal Pacific oscillation (IPO; e.g., Power et al. 1999; Folland et al. 2002; Meehl and Hu 2006) and the Pacific decadal oscillation (PDO; e.g., Mantua et al. 1997; Minobe 1997; Zhang et al. 1997) , with the Niño-3.4-IPO and IPO-PDO correlations being about 0.88 from 1900 to 2008 and the IPO-MEI correlation being 0.89 from 1900 to 2001 (e.g., Zhang and Church 2012; Han et al. 2014b ).
For the IOD, its decadal variability is represented by the 8-yr low-pass-filtered dipole mode index (DMI), defined as the difference of SST anomaly (SSTA) between the eastern (108S-08N, 908-1108E) and western (108S-108N, 508-708E) tropical Indian Ocean (Saji et al. 1999) . The DMI exhibits marked interannual variability with decadal modulation (Ashok et al. 2004; Song et al. 2007; Tozuka et al. 2007 ). While Saji et al. (1999) uses September-November mean DMI to represent the IOD strength, here we calculate the DMI for each month and then compute seasonal and annual means. Consequently, the DMI in this paper essentially represents the east-west SST gradient. For convenience, we still refer it to as the IOD. Indices of ENSO and the IOD are calculated using monthly HadISST data (Rayner et al. 2006 ) available since 1870.
To examine the possible influence of the Indian and Atlantic Ocean SST variability, we form SST indices by averaging the SSTA over the tropical Indian Ocean (158S-158N, 508-958E) and the Atlantic Ocean (308S-608N, 708W-208E) and then perform 8-yr low-pass filtering. These regions are similar to that of Han et al. (2014b) for the Indian Ocean and McGregor et al. (2014) for the Atlantic Ocean that influence the Pacific WC. The Indian Ocean SSTA represents the basinwide warming and cooling associated with ENSO decadal variability (Tozuka et al. 2007 ), but the association breaks down during recent decades (Han et al. 2014b ). To explore the relationship between the Indian summer monsoon and the Indian Ocean WC, the Indian Institute of Tropical Meteorology homogeneous monthly allIndia rainfall dataset available from 1871 to 2014 (e.g., Parthasarathy et al. 1995 
c. The Bayesian dynamic linear model
To explore the impacts of the climate modes on decadal variability of the WCs or, more precisely, to assess the WC variability associated with the climate modes, we apply the Bayesian DLM approach. In a conventional SLM, a response variable Y is equated to a linear function of independent predictors (X 1 , . . . , X M ), that is,
is a constant and does not vary with time within the temporal period examined, which measures stationary influence of X i on Y; M is the number of predictors and «(t) is the error term. In real climate system, however, the relationship between Y and X i is often nonstationary. For instance, Xie et al. (2010) showed that the influence of El Niño on the subtropical northwest Pacific climate has significantly increased after the 1970s; Annamalai et al. (2005) demonstrated that the ENSO-IOD relation has an apparent change after 1976; Kumar et al. (1999) documented that the ENSO-Indian summer monsoon relation has broken down during recent decades (also see Ashok et al. 2001); and Krishnaswamy et al. (2015) argued that the IOD effect on Indian summer monsoon has strengthened in recent decades compared to ENSO.
The Bayesian DLM allows coefficients b i to vary with time, which overcomes the limitation of constant coefficients of the SLM and thus measures dynamical 
The state Eq. (2) means that the predictive distribution of b i at each time step t (i.e., posterior) is updated based on its previous step t 2 1 distribution (i.e., prior) and the probability of observations Y conditional on b i at time t (i.e., the likelihood) using Bayes theorem (Petris et al. 2009) . Coefficient b i is obtained by applying Kalman filtering and smoothing, with the regression coefficient of SLM as its initial guess.
In Eqs.
(1) and (2), the b 0 (t) term represents a timevarying level or intercept whose variability is unexplained by the independent predictors X i , while the b i terms represent the nonstationary influence of X i on Y; «(t) and w i (t) are independent white noises or errors, distributed normally with a mean of 0 and variances of V(t) and W i (t). In recent studies of Krishnaswamy et al. (2015) and Yanto et al. (2016) , V was obtained from the residual error variance of the SLM, and W i was specified a priori by setting W i /V 5 0.1, and thus both are constant in time and W is independent of i. In this paper, we calculated W i (t) and V(t) using the maximum likelihood estimation (MLE) method (Petris et al. 2009 ) recommended by G. Petris (2016, personal communication) , which allows W i and V to vary with time (also see Osthus 2015) . The DLM results using the MLE method are almost identical to those using specified V and W described above. In this paper, all the DLM results shown are from the specified V and W. For more details of the Bayesian DLM, please see Petris et al. (2009 ), Petris (2010 , and R Development Core Team (2016).
d. Partial Bayesian DLM approach
Since the decadal ENSO and IOD indices are moderately correlated (Figs. 3a-c ) and yet the DLM requires the predictors to be independent, we apply the Bayesian DLM to the DMI using ENSO index as the predictor, and then remove the ENSO-associated part from the original DMI. Since the intensity of Indian summer monsoon can also affect the IOD strength on interannual time scales (e.g., Krishnan and Swapna 2009) and their decadal variability is moderately correlated (not shown), we also remove the monsoon effect. This procedure is referred to as partial DLM, and the DMI with ENSO and monsoon effects removed is independent of ENSO and monsoon (Figs. 3d-f) . Using ENSO and IOD as predictors, Eq. (1) becomes (3) where Y(t) represents the Indian Ocean WC, Pacific WC, or warm-pool convection.
Similarly, we remove ENSO's effect on Indian summer monsoon and Indian Ocean SST indices (e.g., Klein et al. 1999; Du et al. 2009 ), and the Atlantic SST effect on the monsoon index. These indices are shown in Figs. 3d-f. Then, we apply the Bayesian DLM to the residual Y 0 , with Y 0 5Y(t) 2 b 1 (t)ENSO(t) 2 b 2 (t)IOD(t), using the monsoon index as the predictor. Subsequently, we apply the DLM to Y 0 2 Y(monsoon), using Indian Ocean SST and Atlantic SST indices as predictors. We separately examine the monsoon effect versus Indian and Atlantic Ocean SST, to avoid overfitting with the limited data record for the SLM and DLM (e.g., Babyak 2004) .
The objective of partial DLM is to sequentially remove the influence of the preceding predictors so that each predictor in the DLM is independent. The consequence of this procedure for attribution, however, is that if two predictors are correlated, then the shared influence on the predictand is attributed to the predictor that is added to the model first (e.g., ENSO, IOD, monsoon, and tropical Indian and Atlantic Ocean SST). The Bayesian DLM approach is rather new, and it has been recently applied to climate studies to understand the nonstationary effects of ENSO and IOD on interannual variability of the Indian summer monsoon (e.g., Krishnaswamy et al. 2015) and Indonesian rainfall (Yanto et al. 2016) .
Decadal variability of warm-pool convection and WCs and their covariability
In this section, we first document decadal variability of the warm-pool convection and Indo-Pacific WCs, and their seasonality and covariability (section 3a). Then, we investigate the decadal covariability between the Indian and Pacific Ocean WCs (section 3b).
a. Variability of warm-pool convection and WCs
To illustrate the decadal variability of warm-pool convection, we obtain the time series of 8-yr low-passfiltered ICOADS cloudiness and CRU precipitation over land averaged over the warm-pool region from 1960 to 2010, together with the OLR and GPCP precipitation from 1983 to 2010 (Fig. 2c) . Since the warmpool OLR is a proxy of deep convection that drives the WCs, whereas cloudiness may contain cloud types (e.g., cirrus cloud) that are not associated with convection, we compare OLR and cloudiness (CLD) for their overlapping period. Their correlation is r(CLD, 2OLR) 5 0.68 below 90% significance, which is somewhat lower than the CRU and 2OLR correlation of 0.75 (.90% significance). The CRU precipitation, however, is only available over land. To understand how well it represents precipitation over the entire warm-pool region, we compare the CRU data with GPCP precipitation, which is available over both land and ocean. The two agree reasonably well, with a correlation coefficient of 0.91 (.90%). The significance test has considered the reduced degrees of freedom due to filtering (Livezey and Chen 1983) . In addition, compared to the cloudiness, CRU precipitation has higher correlation with the Pacific WC for all seasons and somewhat higher correlation with the Indian Ocean WC during winter (Fig. 4) . For these reasons, we use the CRU precipitation to represent decadal variability of warm-pool convection hereafter, even though the interannual variability (with monthly climatology removed) of warm-pool cloudiness and 2OLR is more correlated (r 5 0.9) than that of CRU and 2OLR (r 5 0.70) based on the raw monthly data from 1983 to 2009, because this paper focuses on decadal variability.
Note that quantitative differences exist between CRU and GPCP data. Part of the difference may result from the fact that CRU data are available only over land areas of the warm pool. Note also that the summertime correlation between cloudiness and Indian Ocean WC (defined below) is 0.56, which is higher than the CRU-Indian Ocean WC correlation of 0.30 (Fig. 4e) . This is likely due to the cloudiness including the ocean areas of the warm pool on the Indian Ocean side, which is related to the Indian Ocean WC for the May-October season, when the IOD develops and becomes mature. Decadal variations of warm-pool convection are positively correlated with the Indian and Pacific Ocean WCs overall for the 1962-2009 period, with enhanced (weakened) convection being often, even though not always, associated with anomalous surface wind convergence (divergence) and thus enhanced (weakened) WCs over the two oceans (Figs. 4a,b) . In this paper, the Indian Ocean WC is defined as surface t x averaged over 58S-58N, 708-1008E, with the latitudinal range adopted by Meehl et al. (2003) . The Pacific WC is defined as zonal wind stress averaged over 58S-58N, 1508E-1508W multiplied by 21 (i.e., 2t x ), a definition ensures that an easterly wind anomaly corresponds to a strengthened Pacific WC. Indeed, systematic changes of surface winds occur in the two regions during the positive and negative periods of warm-pool convection anomalies (boxed regions in Fig. 5 ).
The covariability, however, exhibits evident seasonality particularly for the Indian Ocean WC. During the November-April Indonesian wet but Indian monsoon dry season of winter, decadal variability of the warmpool convection and WCs is strongly correlated, with correlation coefficient of 0.85 (.95% significance) for convection-Pacific WC and 0.71 (.95%) for convectionIndian Ocean WC (Figs. 4c,d ). In contrast, during the May-October Indonesian dry and Indian summer monsoon wet season (Figs. 4e,f) , variability of the warm-pool convection is not significantly correlated with the Indian Ocean WC (r 5 0.3), and its correlation with the Pacific WC (r 5 0.73; .95%) is also lower than the winter value. Therefore, the moderate covariability for convection and Indian Ocean WC using annual mean data (r 5 0.54; ,90% significance) results primarily from their wintertime covariability, and the high covariability for convection and Pacific WC in the annual mean (r 5 0.91; .95%) arises from the consistently high correlations during both seasons, even though the covariability decreases somewhat in summer.
The seasonality of convection-WC covariability for both oceans is robust to cross-dataset differences using WASWind, NCEP-NCAR, JRA-55, and ORAS3 winds to represent the WCs, even though there are quantita- filtering. Averaged winds from all four-wind products for 1962-2005 are also tested, and we obtained similar results but with somewhat lower correlation with warmpool convection.
Given that the covariability reduces considerably for convection with the Indian Ocean WC but only weakly with the Pacific WC during summer, the evident reduction over the Indian Ocean likely results from strong seasonality of the Indian Ocean WC. To confirm this point, we compare the winter and summer evolutions of the warm-pool convection, Indian Ocean WC, and Pacific WC, respectively (Figs. 6a-c) . Indeed, decadal variability of the Indian Ocean WC shows the strongest seasonal variability, with winter-summer correlation being only r 5 0.26 from 1962 to 2009. The seasonality of warm-pool convection is moderate (r 5 0.48; ,95%), compared to the lesser seasonality of the Pacific WC (r 5 0.87; .95%).
b. Covariability between the Indian and Pacific Ocean WCs
Do the Indian and Pacific Ocean WCs covary, and does their covariability also exhibit seasonality? To answer this question, we compare the Indian and Pacific Ocean WCs for each season (Figs. 6d-f) . During northern winter, decadal variability of the Indian Ocean WC covaries well with the Pacific WC, with correlation being 0.81 from 1962 to 2009 for the averaged NCEP-NCAR and JRA-55 winds and JRA-55 winds alone, and being 0.68 for NCEP-NCAR winds alone (Fig. 6e) . By contrast, during northern summer their decadal variability is independent and essentially uncorrelated ( Fig. 6f) , which explains the relatively low correlation in the annual mean (r 5 0.42 for averaged NCEP-NCAR and JRA-55 winds; Fig. 6d ) compared to winter. This is related to the geography of the Indo-Pacific region, whereby the convective maximum during winter is near the equator over the Maritime Continent, whereas during summer it lies well north of the equator over South Asia (Meehl 1987) . Thus, zonal features (e.g., the WCs) are likely to have stronger connections in winter when the seasonal convection over the Indo-Pacific is closer to the equator. In summer, however, offequatorial convection associated with Indian monsoon can have strong influence on the Indian Ocean WC and therefore reduce its covariability with the Pacific WC (see section 4b below).
To further confirm the decadal variability of the WCs detected by reanalysis winds, we compare them with the CCMP satellite winds for their overlapping period of 1988-2013. The reanalysis winds agree well with the CCMP winds (Fig. 7) , particularly for the Pacific WC where their correlations are above 0.92 for all seasons (Figs. 7b,d,f) . The discrepancies are larger for the Indian Ocean WC, but the agreement remains reasonably strong, with correlations ranging from 0.73 to 0.84 (Figs. 7a,c,e) , which correspond to approximately 53%-69% variance. Consistent with the surface wind diverging from (converging into) the warm-pool region associated with the weakening (enhancing) Indian and Pacific Ocean WCs, sea level falls (rises) in the equatorial eastern Indian and western Pacific Oceans, as shown by both the satellite-observed SSHA and in situ based thermosteric sea level (Fig. 5) . The spatial patterns of satelliteobserved SSHA and surface winds are reasonably reproduced by the WOA13 upper-700-m thermosteric sea Before the satellite era, decadal variations of the Indian and Pacific Ocean WCs shown by the reanalysis winds are also supported by the observed upper-700-m thermosteric sea level and ORAS4 reanalysis sea level, which show overall consistency over the two oceans (Fig. 8) (Figs. 5b and 5d , respectively) and thus represent the WC effect on sea level gradient. For the Pacific, it is measured by SLA averaged for 58S-58N, 1308E-1808 subtracting that for 58S-58N, 1808-1308W, which are approximately the west and east portions of the Pacific WC (Fig. 5) defined by 2t x . Since the thermosteric sea level data are independent datasets from the reanalysis winds, their good agreements (see section 2a for scientific justification) increase our confidence in the decadal variations of the Indian-Pacific WCs detected by reanalysis winds since the 1960s.
Effects of decadal variability of climate modes and other climate indices
What are the major causes for the decadal variability of the Indian and Pacific Ocean WCs and warm-pool convection? Given that ENSO and IOD are the two dominant climate modes over the Indo-Pacific basin and they are closely related to the WCs and warm-pool convection (section 1), in this section we first examine the effects of their decadal variability using the Bayesian DLM (section 4a). Then in section 4b we assess the associations of WC variability with other climate indices: decadal variability of the Indian summer monsoon convection, Indian Ocean basinwide SSTA, and Atlantic SSTA defined in section 2b (Fig. 3) . Decadal ENSO is the predominant cause for the WC variability, with decadal IOD playing a minor role (red and blue curves of Figs. 9b,e) .
Because of the dominant role played by ENSO, we explore its dynamical impacts by analyzing its DLM coefficient and compare it with the SLM coefficient (Figs. 9c,f) . During winter, the effect of ENSO decadal variability-as shown by DLM coefficient b 1 (red curve of Fig. 9c )-has significant variations, being weaker during the 1970s with a minimum magnitude of b 1 ' 20.5, and stronger in the early 1990s with a maximum magnitude of b 1 ' 21.0, and both exceeding the 95% confidence interval of the SLM coefficient (dotted line of Fig. 9c ). The increased b 1 magnitude indicates that for the same strength of ENSO index, its impact on the WC is larger. Understanding the physical causes for this changing impact is beyond the scope of this paper, but it is an important theme of our future research. During summer, the influence of ENSO decadal variability is rather persistent, with b 1 being within the 95% confidence interval of the SLM coefficient for most of the time, except for the late 2000s when the magnitude of b 1 becoming large (Fig. 9f) . The negative b 1 demonstrates that El Niño-like (La Niña-like) decadal variability weakens (enhances) surface easterlies and thus weakens (intensifies) the Pacific WC.
Because of the vital influence of ENSO decadal variability, the total effect of ENSO and IOD explains most of the observed and simulated variability (Figs. 9a,b and 9d,e, respectively), and the residual between the observed and (ENSO and IOD) simulated variability is small. Therefore, the influences of other climate indices (i.e., Indian monsoon and Atlantic and Indian Ocean SST) are weak using the partial DLM approach described in section 2d and thus are not shown.
Compared to the Pacific, causes for the decadal variability of the Indian Ocean WC are more complex, particularly during the May-October summer season. During winter, the DLM is able to reasonably simulate the observed WC (thick solid and dotted curves of Fig. 10a) , and decadal ENSO still dominates decadal IOD in determining the WC variability (red and blue curves of Fig. 10b ). The effect of ENSO decadal variability is relatively weak during the 1980s (b 1 ' 20.5) but strong after 2000 (b 1 # 21.0), exceeding the 95% confidence interval of the SLM coefficient (red curve and dotted line of Fig. 10c ). This time-varying effect of ENSO cannot be represented by the SLM, which explains the deteriorating fit of the SLM (thin gray curve of Fig. 10a ) compared to the DLM. These results indicate that El Niño-like (La Niña-like) decadal variability weakens (strengthens) the equatorial westerlies over the eastern Indian Ocean and thus weakens (enhances) the Indian Ocean WC. The effect of IOD decadal variability remains weak compared to ENSO (blue and red curves of Figs. 10b,f) . Its DLM coefficient b 2 is close to 0 during most of the time except for the early 1980s and after 2000, when b 2 is weakly negative and exceeds the 95% confidence interval of the SLM coefficient. The negative b 2 suggests that positive IOD-like decadal variability weakens the Indian Ocean WC, analogous to their relationship on interannual time scale (e.g., Saji et al. 1999; Meehl and Arblaster 2002; Meehl et al. 2003) . The dominant effect of ENSO decadal variability on both the Pacific WC and wintertime Indian Ocean WC explains their observed high covariability for the November-April season (section 3b).
During summer, the Bayesian DLM solution agrees reasonably with the observed Indian Ocean WC, with model-data correlation of 0.91 and STD ratio of 0.73, compared to the correlation and STD ratio of 0.56 from the SLM (Fig. 11e) . The total effect of decadal ENSO and IOD, however, only explains 54% of the observed STD (STD ENSO1IOD /STD obs 5 0.54; Fig. 10f ), suggesting that a large fraction of summertime WC variability cannot be explained by ENSO and IOD decadal variability. The STD ratio of decadal ENSO contribution is 0.40 and its correlation with the total DLM solution is 0.63, while those for the decadal IOD are 0.33 and 0.76, suggesting that their overall effects are comparable (also see Figs. 10g,h ). The overall negative b 1 and b 2 are consistent with the effects of decadal ENSO and IOD for winter (see above). During the late 1970s, however, b 2 is weakly positive, which opposes the relationship between the Indian Ocean WC and the IOD decadal variability discussed above. This is because of the large effect of basin-mean Indian Ocean SSTA, as explained next in section 4b. SST, and Indian Ocean SST using their indices as predictors (sections 2b-d; Fig. 3 ). While the effect of Atlantic SST is small overall (purple curve of Fig. 11b ), both the Indian summer monsoon and Indian Ocean SST variability contribute significantly to the variability of the Indian Ocean WC (blue and red curves of Fig. 11b ). Whereas the Indian Ocean SST dominates the monsoon effect before the late 1980s, the effect of the monsoon dominates afterward. Indeed, the monsoon effect is the major cause for the large-amplitude decadal variability since the late 1990s and it also dominates the decadal ENSO and IOD effect for this period (cf. Figs. 11a and 11b) .
Recall that the ENSO impact is removed from the monsoon index in our Bayesian DLM. Thus, variations of monsoon index shown in Fig. 3f are independent of ENSO. Indeed, the monsoon index prior to removing ENSO shows an out-of-phase relation with ENSO index approximately before the 1990s, as documented by existing studies (e.g., Torrence and Webster 1999) . This relationship, however, breaks down approximately after the 1990s (black solid and blue curves of Fig. 3c ), suggesting that decadal variability of Indian summer monsoon convection during recent decades is induced by factors other than ENSO. The increased importance of the Indian summer monsoon since the late 1990s is clearly seen in the DLM coefficient, which has exceeded the 95% confidence interval of the SLM coefficient since about 1998 (Fig. 11d) . The DLM results with ENSO signals retained in both the monsoon index and the WC show a similar increased impact of monsoon, even though its effect is larger during the 1960s-1970s (figure not shown).
During the 1960s-1970s, the effect of Indian Ocean SST is strong, while the monsoon influence is weak (Fig. 11b) , even though the DLM coefficient of Indian Ocean SST is close to the SLM coefficient (Fig. 11c) . This is because the amplitude of Indian Ocean SST index is large (red curve of Fig. 3) , and the ''effect'' is measured by the product of the index and DLM coefficient. The positive DLM coefficient (Fig. 11c) suggests that a cold SSTA averaged over the tropical Indian Ocean during the late 1970s (red curve of Fig. 3f ) weakens the Indian Ocean WC, even though the eastern basin is somewhat warmer than the western basin, which corresponds to the negative IOD-like situation (dotted curve of Fig. 3f) . The weakened WC due to the strong influence of negative Indian Ocean SSTA exceeds the increased WC due to the negative IOD-like variability during the 1970s, which explains the weak positive DLM coefficient of decadal IOD shown in Fig. 10h , because a weakened Indian Ocean WC is associated with a negative IOD index for this period of time. Note that, similar to the SLM, the DLM in fact assesses the relationship between the predictor and predictand, rather than the causality.
The negative coefficient for Indian summer monsoon and positive coefficient for Indian Ocean SST indicate that a weak monsoon and warm Indian Ocean favor an intensified Indian Ocean WC (see section 5 for discussion of possible mechanisms). The complex causes for the Indian WC variability during summer (i.e., decadal ENSO, IOD, Indian Ocean SST, and Indian summer monsoon) are the major reason for its incoherent variability with the Pacific WC, which is determined almost solely by ENSO decadal variability.
c. Variability of warm-pool convection associated with climate indices
Using ENSO and IOD as predictors, the Bayesian DLM also yields reasonable simulations for warm-pool convection particularly during the May-October Indonesian dry season, when data-model correlation is 0.98 and STD ratio is 0.93 from 1962 to 2009 (thick black solid and dotted curves of Fig. 12d ). For the NovemberApril wet season, the data-model correlation is 0.94 and STD ratio is 0.81 (Fig. 12a) , which are somewhat lower than those of summer. The SLM is less accurate for both seasons, especially for the wet season when data-model correlation and STD ratio are both 0.67 (thin gray curve of Fig. 12a ). The total effect of ENSO and IOD decadal variability explains most of the observed variability of convection, with STD ratio of 0.89 in summer and 0.61 in winter. The ENSO decadal variability plays a dominant role compared to IOD for both seasons (Figs. 12b,e) . The caveat for the weak IOD effect is that the CRU precipitation, which is used to represent warm-pool convection, is only available over lands, whereas the IOD may have large influence on convection and precipitation over the ocean area of the eastern Indian Ocean. This speculation is supported by the larger effect of the IOD on cloudiness, which has values over both lands and ocean (not shown), and the comparable effect of the IOD and ENSO on the Indian Ocean WC (Fig. 10f) .
Can the residual of warm-pool convection, Y 2 Y(ENSO 1 IOD), be explained by other climate indices particularly in winter? To answer this question, we applied the partial DLM to the residual using the Indian summer monsoon, tropical Indian Ocean SST and Atlantic SST indices as predictors, but neither the individual predictors nor their sum can simulate the residual convection (not shown). This result indicates that the relationship between the warm-pool convection/ precipitation and SSTA (e.g., ENSO and IOD indices) during the wet season, when precipitation is strong, may be highly nonlinear and stochastic in nature (e.g., Wunsch 1999; Stephenson et al. 2000; Gershunov et al. 2001) .
The dominant role played by ENSO decadal variability is the major cause for the significant covariability between the warm-pool convection and Indian-Pacific WCs during winter, and the covariability for the convection and Pacific WC during summer. The Indian Ocean WC and warm-pool convection, however, do not covary during summer, because the Indian Ocean WC is not controlled by ENSO; rather, it is also strongly influenced by the decadal IOD, Indian summer monsoon, and Indian Ocean SST (sections 4a and 4b).
Summary and discussion
In this paper, we carry out observational analyses to explore decadal variations of the Indian and Pacific Ocean WCs and warm-pool convection (Figs. 1 and 2 ) since the 1960s, examine their covariability, and elucidate their causes by applying a novel approach, the Bayesian DLM. Following existing studies that investigate the centennial and multidecadal trends of the Indo-Pacific WCs, we focus on examining their surface branches, which are represented by the observationally based WASWind and various reanalysis products. The warm-pool convection is represented by CRU precipitation over land instead of ICOADS cloudiness, owing to the higher correlations of decadal variability of CRU precipitation with satellite-observed OLR and GPCP precipitation for their overlapping period (section 3a).
The Indian and Pacific Ocean WCs, together with convection over the Indo-Pacific warm pool, exhibit significant decadal variability (Figs. 4-6 ). During the November-April Indonesian wet and Indian winter FIG. 12 . As in Fig. 9 , but for DLM results of 8-yr low-pass-filtered CRU precipitation averaged in the warm-pool region (boxed area in Fig. 2 Fig. 6 ). During the May-October Indonesian dry and Indian summer monsoon wet season, the covariability for the Pacific WC and warm-pool convection remains high (r 5 0.73) but that for the Indian Ocean WC and convection is low (r 5 0.3; Fig. 4) , and the Indian and Pacific Ocean WCs are essentially uncorrelated (Fig. 6 ). Decadal variability of the Indian and Pacific Ocean WCs and the seasonality of their covariability are robust to cross-dataset differences. The WCs' decadal variations are also confirmed by the CCMP satellite winds and AVISO SSHA zonal gradients within the recent two decades (Figs. 5 and 7), and by the consistent variability of zonal gradients of the upper-700-m thermosteric sea level based on in situ observations before the satellite era (Figs. 5 and 8).
The observed decadal variability of the Indo-Pacific WCs can be largely explained by decadal variability of ENSO, IOD, Indian summer monsoon convection, and basin-mean SST of the tropical Indian Ocean. Since this paper focuses on examining decadal variability rather than multidecadal trend (section 1), the linear trend for 1962-2009 is removed from each climate index (Fig. 3) . The high level of wintertime covariability between the Indian and Pacific Ocean WCs, as well as that between the WCs and warm-pool convection, results from the vital role played by ENSO decadal variability, which controls the decadal variability of the Pacific and Indian Ocean WCs and is also the most important factor for determining variability of the warm-pool convection , with El Niño-like (La Niña-like) conditions weakening (enhancing) the convection and both WCs. Note that ENSO and IOD decadal variability can only explain 61% of the STD of warm-pool convection during the November-April Indonesian wet season (Fig. 12) , and the residual cannot be explained by other climate indices. This result suggests that causes for the decadal variability of warm-pool precipitation during the strong wintertime convection season are complex, which can be highly nonlinear and stochastic.
During summer, while ENSO decadal variability still controls the Pacific WC and warm-pool convection and thus their covariability, the causes for the Indian Ocean WC are much more complex. Since the decadal variability of ENSO, the IOD, Indian Ocean SST, and Indian monsoon convection all affect the Indian Ocean WC, and the Indian summer monsoon has a slightly higher contribution to the STD compared to ENSO for the 1962 Figs. 10 and 11) and the monsoon has played a dominant role since the late 1990s (Figs. 10 and 11) , the Indian Ocean WC does not covary with the Pacific WC and the warm-pool convection. Note that the effect of IOD decadal variability on the warm-pool convection is weak, compared to its effect on the Indian Ocean WC. The caveat is that the IOD effect on warm-pool convection could be underestimated, since we use CRU precipitation over land to represent warm-pool convection, which does not have data over the ocean. It is possible that the IOD can have a significant influence on convection over the eastern Indian Ocean within the warm pool, during the May-October season when it develops and reaches maturity. This point is supported by the higher correlation for IOD and ICOADS cloudiness than that for IOD and CRU precipitation (Fig. 4) .
Decadal variability of ENSO and IOD may affect the WCs and warm-pool convection in a similar way to their effects at interannual time scale (e.g., Rasmusson and Carpenter 1982) , as indicated by their negative DLM coefficients (Figs. 9, 10, and 12) . What are the possible mechanisms for the decadal variations of Indian summer monsoon convection and Indian Ocean SST to affect the Indian Ocean WC? The positive DLM coefficient of the Indian Ocean SST indicates that a warm (cold) Indian Ocean intensifies (reduces) the Indian Ocean WC (Fig. 11) by increasing convection over the eastern Indian Ocean warm pool, consistent with earlier studies on seasonal-interannual time scales (e.g., Gadgil et al. 1984; Graham and Barnett 1987; Waliser et al. 1993) . The negative DLM coefficient of Indian summer monsoon (Fig. 11d) suggests that stronger convection of the Indian summer monsoon drives stronger monsoon winds and enhanced equatorial easterly trades, leading to weakened Indian Ocean WC.
Is the controlling effect of decadal ENSO on the Pacific WC variability contradictory to the previous results, which suggested the influence of the Indian and Atlantic Ocean SSTA on the Pacific WC (e.g., Luo et al. 2012 , Han et al. 2014b , and McGregor et al. 2014 ? Note that here we examine the decadal variability for the 1962-2009 period, whereas the previous studies focused on the warming trends since the 1980s or 1990s, even though Han et al. (2014b) also discussed 10-20-yr variability. Additionally, it is possible that the Niño-3.4 index includes the Indian and Atlantic Ocean SSTA effects, which are aliased into the ''decadal ENSO'' effect in our DLM model, resulting in a somewhat overestimated effect of decadal ENSO. While the Bayesian DLM is an advanced and useful tool, it does not really provide the causality of decadal variability. After the statistically robust relationship is established, controlled model experiments must be done to achieve unambiguous understanding of the causes for the dynamical (time evolving) impacts of decadal climate variability and associated mechanisms, which is extremely lacking for the Indian Ocean. Results from this study contribute to our understanding of decadal climate variations over the Indo-Pacific basin in the past few decades, shed light on the causes for the complexity of the Indian Ocean WC variability, which is likely more difficult to predict than the Pacific WC, and set a process context for future decadal prediction over the Indo-Pacific region.
